With the development of techniques, such as the Internet of Things (IoT) and edge computing, home energy management systems (HEMS) have been widely implemented to improve the electric energy efficiency of customers. In order to automatically optimize electric appliances' operation schedules, this paper considers how to quantitatively evaluate a customer's comfort satisfaction in energy-saving programs, and how to formulate the optimal energy-saving model based on this satisfaction evaluation. First, the paper categorizes the utility functions of current electric appliances into two types; time-sensitive utilities and temperature-sensitive utilities, which cover nearly all kinds of electric appliances in HEMS. Furthermore, considering the bounded rationality of customers, a novel concept called the energy-saving cost is defined by incorporating prospect theory in behavioral economics into general utility functions. The proposed energy-saving cost depicts the comfort loss risk for customers when their HEMS schedules the operation status of appliances, which is able to be set by residents as a coefficient in the automatic energy-saving program. An optimization model is formulated based on minimizing energy consumption. Because the energy-saving cost has already been evaluated in the context of the satisfaction of customers, the formulation of the optimization program is very simple and has high computational efficiency. The case study included in this paper is first performed on a general simulation system. Then, a case study is set up based on real field tests from a pilot project in Guangdong province, China, in which air-conditioners, lighting, and some other popular electric appliances were included. The total energy-saving rate reached 65.5% after the proposed energy-saving program was deployed in our project. The benchmark test shows our optimal strategy is able to considerably save electrical energy for residents while ensuring customers' comfort satisfaction is maintained.
Introduction
With the development of the economy, the share of electric power consumption of residential customers has dramatically increased, especially in developed regions [1] . In order to improve customers' energy efficiency, home energy management systems (HEMS) have been widely studied [2] [3] [4] . Generally, the HEMS can schedule electric appliances' operation status (ON/OFF status or comfortable inside temperature) according to the setpoints of customers [5] . However, these methods depend on the customers' setpoints, and cannot automatically and intelligently help people make optimal decisions. In recent studies, some researchers have proposed optimal energy Future Internet 2019, 11, 88 3 of 16 The contributions of this paper can be summarized as follows.
(1) In order to define a utility function for all kinds of electric appliances for residents, this paper categorizes general appliances into two types: The time-sensitive type, and the temperature-sensitive type. Based on this clustering, we extend the utility function leveraged in [13, 14] into two types, covering more kinds of electric appliances in HEMS. (2) Considering the bounded rationality of customers in an energy-saving program, prospect theory in behavioral economics is incorporated to extend the utility functions into a novel concept; the energy-saving cost. This depicts the real behavior of customers in energy-saving better than conventional utility functions. (3) An energy-saving cost-based optimal appliance scheduling model is formulated. In our model, the energy-saving cost is used as a constraint, and HEMS only need to minimize the electric power consumption in acceptable regions. The method is computationally efficient, making it suitable for use with HEMS.
The remainder of this paper is organized as follows. Section 2 introduces the time-sensitive utility function and temperature-sensitive utility function, and the energy-saving cost is also defined. Section 3 proposes the optimal energy-saving model based on energy-saving cost. A case study is shown in Section 4, and the conclusions are outlined in Section 5.
Electric Appliance Utility Function and Energy-Saving Cost

Introduction of Definitions
Inspired by economics, the concept of utility is introduced to represent the relationship between appliance operation and user satisfaction. The electric appliance utility function is defined as customers' comfort satisfaction from the electric activity. The appliance utility is different from the utility concept in economics because electricity consumption, which is not a measurable, tangible good, currency or service, produces an influence on user satisfaction through the operation process of the electrical appliance. When users consume electricity, they do not consume the direct products of electricity, but rather indirect products into which electricity is converted through an appliance's operation, such as adjustment of the temperature of the air conditioner or the brightness of the electric light. Thus, different electrical appliances have different appliance utility functions. To cover all kinds of electric appliances for residents, appliance utility functions are defined by two categories; time-sensitive and temperature-sensitive.
Time-Sensitive Utility Function
The time-sensitive utility function quantifies customers' satisfaction with the actual appliance operation status of time-type appliances, such as electric lights. We define the operating status s i (t) of appliance i at the moment t as a binary variable, corresponding to two statuses: On and off. For the sake of simplicity, the time-sensitive utility function is expressed as time utility.
It is generally believed to be high energy efficiency for electrical appliances to operate at the time when the user needs them. However, for practical engineering implementation, it is difficult to decide whether the user needs to use the appliance at a particular time. Instead, the historical electricity consumption data can be mined to calculate the operating probabilities of an appliance, which is regarded as the probability that the user needs to use the appliance, marked as P on .
As a result, the time utility function is shown as Equation (1): (t) represents the time utility value of appliance i at the moment of t, and H is the parameter that is set to infer P on i,t , which is the operating probability of appliance i at the moment of t. The function ρ(x) is the system preference function, which is introduced to represent decision preferences given from a decision-making system, defined as Equation (2) . It can be seen from Equation (1) that when the operating probability of an electrical appliance is more significant at a certain time, user satisfaction is higher.
In Equation (2), α is the decision preference coefficient, and ρ(x) is the system preference function of converting the objective probability into the preference probability, in which x is the objective probability value. In general, things that have an extremely small probability are often regarded as impossible events. On the contrary, things that have a significant probability are seen as absolute events. In conformity with this, the output ρ(x) in Equation (2) is the decision preference probability, which ignores impossible events and affirms very likely events. The preference extent depends on α, which ranges from 4 to infinity. A bigger α corresponds to a larger preference extent.
Temperature Utility Function
The temperature-sensitive utility function is for appliances, such as air-conditioners and water heating dispensers, which impact residents through changing the temperature. It quantifies the relationship between user satisfaction and the actual temperature according to the relationship between the expected temperature and the actual temperature, shown as Equation (3) .
In the equation, U temp i (T t ) represents the temperature utility value of appliance i at the moment of t, T t is the actual temperature at the time of t, ε is the temperature utility falling coefficient, and [T l , T h ] is the prospective temperature threshold value. The utility value equals 1 when T t varies between T t and T h . When T t < T l or T t > T h , the utility value decreases gradually from 1 at a certain falling speed. The falling speed depends on ε, which changes from 0 to 1. The smaller the ε, the faster the descent speed.
Energy-Saving Costs
Under the condition of guaranteeing user satisfaction as much as possible, energy-saving optimization for electrical appliances refers to adjusting the operation status to the most energy-saving status. In order to quantitively evaluate the comfort loss risk for the customers in the energy-saving program, this paper proposes a new concept: The energy-saving cost.
The energy-saving cost is defined as the difference of the utility function value before and after energy-saving optimization, shown as Equation (4) .
In this equation,Ĉ i (t) denotes the energy-saving costs of appliance i, accepting a certain optimization strategy at the time slot t. U i (t) is the appliance utility value before executing the procedure, andÛ i (t) is appliance utility value after implementing the strategy. If energy-saving costs are positive, it indicates that the energy-saving strategy will weaken user satisfaction, Future Internet 2019, 11, 88 5 of 16 but if energy-saving costs are negative, it represents that user satisfaction will not be damaged by optimization.
Since the calculation of time utility is based on probability, misoperation cannot be avoided entirely. Once misoperation occurs, user satisfaction will sharply drop to near zero. Thus, for time-type appliances, a further definition of energy-saving costs is proposed to avoid misoperation for those operations that may lower utility value, shown as Equation (5).
In this equation, γ is the energy-saving risk control factor, which can affect the misoperation risk of the energy-saving strategy. If γ equals 1, users tend to refuse those operations which may lower appliance utility. A smaller γ means that users are more willing to take the risk of misoperation. On the contrary, the larger γ is, the less willing they are to accept misoperation.
Then, considering the bounded customer rationality, prospect theory in behavioral economics [18] is introduced into the energy-saving costs to evaluate the relationship between energy-saving and user satisfaction. The energy-saving costs evaluation method is shown as Equation (6), which is a mapping of the energy-saving costs to the users' subjective feeling for energy-saving costs.
In this equation, η is the sensitive coefficient for energy-saving costs, θ is the risk aversion coefficient for utility damage, which belongs to (0, 1], and υ is the risk preference coefficient for utility gain, which has the same range. The larger η is, the less willing users are to accept energy-saving strategies which will influence user satisfaction.
Furthermore, it is worth noting that energy-saving costs include both instantaneous energy-saving costs and accumulative energy-saving costs. In the time dimension, changes of appliance operation status will influence the appliance utility instantaneously, so that instant energy-saving costs can accurately characterize the gain or damage of user satisfaction. This is defined as Equation (6) . On the other hand, in the temperature dimension, changes in appliance operation status cannot affect the appliance utility instantaneously when the control instruction is issued. For instance, when changing the air conditioner operation status (such as by turning on, turning off, or adjusting the set temperature), the environmental temperature does not change instantaneously, but changes gradually. Not only the trend, but also the magnitude of the change, depends on the specific setting of the new mode. In this situation, accumulative energy-saving costs for a continuous period characterizes the impact of the energy-saving strategy on user satisfaction. Defined as Equation (7), the accumulative energy-saving cost is calculated for a continuous period of time.
Energy-Saving Optimization Model
Automatic Recognition of Appliance Status
Before optimization, it is necessary to achieve real-time recognition of the operating state of the electrical appliances. The recognition method consists of two parts: The offline dictionary formulation, and online recognition. The automatic recognition algorithm was revealed in our previous work [26] , and it is not the contribution of this paper, so here we introduce it in a simple form. First, based on HEMS [8] , which include smart plugs and gateways, various experiments can be used to collect and store different kinds of electric appliances' operation data. Then, we can use the K-Means algorithm to cluster the power data to several centers [27] , in which each center corresponds to a typical operating state. It is worth noting that the number of centers depends on some previous knowledge, but is not like the method in [27] . For example, it is easy to know that a water dispenser has two typical operation states, including heating and insulation. After the offline experiments, a dictionary is obtained which is a set of typical operation states, and can be used for online recognition. In the real-time operation, the new data collected in real time is compared with the typical operation states in the dictionary. In this way, we can obtain real-time operation states of an appliance at a given time slot.
An example is given as follows. We used the K-Means algorithm to cluster several days of real power data of an electric light and water dispenser (time-type appliances), and an air conditioning unit (temperature-type appliance). The test data comes from the filed data in a pilot project in Guangzhou Province, China. The respective clustering centers were obtained for each appliance, which corresponded to the typical operation status of the appliances. Table 1 shows our clustering results. For instance, it is not difficult to know that a water dispenser has two typical operating statuses: Insulation and heating. Accordingly, two cluster centers are obtained, including 0.469 W and 426.26 W. As a result, we can assert that if the collecting power value in real time is near to 0.469 W, the operating status should be insulation, while if the collecting power value in real time is near to 426.26 W, the operating status should be heating. We also undertook real-time recognition tests, as shown in Figure 1 . In the test, the real-time monitored data from smart plugs were compared with the clustering results in Table 1 to obtain real-time operation status. Figure 1a shows the operation status recognition result of the air conditioning unit, and Figure 1b displays the operation status recognition result of the water dispenser. For instance, the blue dots in Figure 1b are thought to occur during heating status, because the values of these blue dots are near to the reference value of the heating status of a water dispenser in Table 1 , of 426.26 W. the K-Means algorithm to cluster the power data to several centers [27] , in which each center corresponds to a typical operating state. It is worth noting that the number of centers depends on some previous knowledge, but is not like the method in [27] . For example, it is easy to know that a water dispenser has two typical operation states, including heating and insulation. After the offline experiments, a dictionary is obtained which is a set of typical operation states, and can be used for online recognition. In the real-time operation, the new data collected in real time is compared with the typical operation states in the dictionary. In this way, we can obtain real-time operation states of an appliance at a given time slot. An example is given as follows. We used the K-Means algorithm to cluster several days of real power data of an electric light and water dispenser (time-type appliances), and an air conditioning unit (temperature-type appliance). The test data comes from the filed data in a pilot project in Guangzhou Province, China. The respective clustering centers were obtained for each appliance, which corresponded to the typical operation status of the appliances. Table 1 shows our clustering results. For instance, it is not difficult to know that a water dispenser has two typical operating statuses: Insulation and heating. Accordingly, two cluster centers are obtained, including 0.469 W and 426.26 W. As a result, we can assert that if the collecting power value in real time is near to 0.469 W, the operating status should be insulation, while if the collecting power value in real time is near to 426.26 W, the operating status should be heating. We also undertook real-time recognition tests, as shown in Figure 1 . In the test, the real-time monitored data from smart plugs were compared with the clustering results in Table 1 to obtain real-time operation status. Figure 1a shows the operation status recognition result of the air conditioning unit, and Figure 1b displays the operation status recognition result of the water dispenser. For instance, the blue dots in Figure 1b are thought to occur during heating status, because the values of these blue dots are near to the reference value of the heating status of a water dispenser in Table 1 , of 426.26 W. 
Power Demand Estimation
After status recognition, it is also necessary to estimate the power demand, which includes the time demand of time-type appliances and the temperature demand of temperature-type appliances. 
After status recognition, it is also necessary to estimate the power demand, which includes the time demand of time-type appliances and the temperature demand of temperature-type appliances. For the time demand of the time-type appliances, the power demand can be excavated by statistical analysis of the historical operation of the electric appliance, or by using the environmental sensors to monitor user activities, as shown in Equation (8), where P on i (t) represents the operating probability of appliance i at the moment of t, n total denotes the total number of tests, and n 0 denotes the number of electricity-consumption occurrences. For the temperature demand of the temperature-type appliances, real-time monitoring can be performed through the temperature sensor.
After clarifying the power demand, the time/temperature utility is evaluated in conjunction with the identified operating status, along with the corresponding utility functions which have been previously defined.
Energy-Saving Optimization Algorithm Flow
Based on a clear evaluation method of energy-saving costs proposed in Section 2, an energy-saving optimization model for residential appliance management is formulated. We set energy-saving costs as a constraint, as shown in Equation (9), where ξ is the risk coefficient in the energy-saving optimization strategy. When the probability of misoperation is smaller, the risk of energy saving is less. As for the objective function, we hope to maximize energy efficiency, or in other words, minimize the electricity consumption, as shown in Equation (10), where E i [0, t] is the electricity consumption and p i (t) is the power of appliance i throughout [0, t] . This represents the instantaneous energy-saving model when t a = 0 in the time dimension, and represents the accumulative energy-saving model in the temperature dimension when t a > 0.
In particular, appliances of the same kind and of the same impact on electric effect can be combined for optimization, such as several air conditioners in the same area, when the total electricity consumption is set as the optimization target. Therefore, marking a set of the appliances which have the same impact on the electric effect in the region r as I n r , and marking the electricity consumption within the period [0,t] as minE I n r [0, t], the target function is:
Based on the model formulated above, the energy-saving optimization algorithm flow is designed in the time and temperature dimensions respectively, which are introduced in detail in the next subsections.
Time Dimension
Assuming time-type appliances only have two operating statuses (on/off), the key to energy-saving optimization for general time-type appliances (such as lights, televisions, and so on) in the time dimension is to decide whether an appliance should be on or off at a certain moment.
The time-type appliance optimization algorithm uses the real-time energy-saving costs as the evaluation basis, and the whole process is shown in Figure 2 . The above process can be divided into the following steps:
(1) Recognize the operating status of the electrical appliance using the automatic recognition method of the appliance operation status with real-time collected operating power data; (2) Select the power demand mining method which applies to the appliance according to the characteristics of electrical appliances. Then, the current demand for power consumption is discriminated; (3) Evaluate the real-time time utility according to the electrical appliance operation status and the power demand; (4) Calculate the energy-saving costs if the electrical operation mode is changed (previously turned on, assumed to be off; or closed initially, and assumed to be on); (5) Determine the relationship between the energy-saving costs and the energy-saving threshold  .
If the energy-saving cost value is lower than  , the optimization strategy is to change the electrical operation mode; if it is higher than  , the optimization strategy is to keep the original operating mode unchanged.
Temperature Dimension
For temperature-type appliances like air conditioners, the key to optimization is to predict the environment changes of air conditioners in a future period. In the case of keeping the operating status unchanged in the coming period and adopting a certain control command to change the operating status, respectively, the indoor temperature is predicted with the first-order indoor temperature model proposed in [11] , as shown in Equation (12) .
In this equation, a is the sensitivity coefficient of the indoor and outdoor temperature difference, g is the appliance's operating contribution coefficient, and c is the constant parameter.
The temperature utility value is pre-evaluated in combination with the corresponding operation status and the predicted indoor temperature value. The above process can be divided into the following steps:
(1) Recognize the operating status of the electrical appliance using the automatic recognition method of the appliance operation status with real-time collected operating power data; (2) Select the power demand mining method which applies to the appliance according to the characteristics of electrical appliances. Then, the current demand for power consumption is discriminated; (3) Evaluate the real-time time utility according to the electrical appliance operation status and the power demand; (4) Calculate the energy-saving costs if the electrical operation mode is changed (previously turned on, assumed to be off; or closed initially, and assumed to be on); (5) Determine the relationship between the energy-saving costs and the energy-saving threshold ξ.
If the energy-saving cost value is lower than ξ, the optimization strategy is to change the electrical operation mode; if it is higher than ξ, the optimization strategy is to keep the original operating mode unchanged.
In this equation, a is the sensitivity coefficient of the indoor and outdoor temperature difference, g is the appliance's operating contribution coefficient, and c is the constant parameter. The temperature Future Internet 2019, 11, 88 9 of 16 utility value is pre-evaluated in combination with the corresponding operation status and the predicted indoor temperature value.
The process of energy-saving optimization in the temperature dimension is shown in Figure 3 .
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Case Study
The Basic Test of the Proposed Algorithm
First, we undertook some simulations to test our algorithm. The corresponding parameters come from [5, 20] , and are set as follows: 
As mentioned above, before the optimization, it is necessary to find the operating status of the electrical appliances and the implicit user power demand. The process of automatic recognition of the operating status is elaborated, so here the mining process for power demand is expounded. The power demand for lights and water dispensers in the time dimension is projected based on field research on the law of electrical appliance use, and historical electricity behavior statistics. For air conditioning, with the help of a temperature sensor, the power demand mining process in the temperature dimension is completed.
For example, for lights, infrared sensors are used to detect whether there is user activity in real time; that is, real-time monitoring of the time demand. For water dispensers, the time demand is obtained by performing a longitudinal analysis of the drinking behavior at each time section. The operation and the corresponding utility value of some appliances in a certain office are shown in Figure 5 . In Figure 5a , and the corresponding temperature utility evaluation result is shown in Figure 5f . 
Case Study
The Basic Test of the Proposed Algorithm
First, we undertook some simulations to test our algorithm. The corresponding parameters come from [5, 20] , and are set as follows:
For example, for lights, infrared sensors are used to detect whether there is user activity in real time; that is, real-time monitoring of the time demand. For water dispensers, the time demand is obtained by performing a longitudinal analysis of the drinking behavior at each time section. The operation and the corresponding utility value of some appliances in a certain office are shown in Figure 5 . In Figure 5a -c the operation of a certain light can be seen; Figure 5d -f show the operation of a certain water dispenser; Figure 5g -i show the operation of a certain single air conditioner, where the satisfactory temperature range of the temperature utility function is set as [T l , T h ] = [24, 26] , and the corresponding temperature utility evaluation result is shown in Figure 5f . 
Optimization for Time-Sensitive Appliances
As mentioned above, lights and water dispensers are two kinds of typical time-sensitive electric appliances. In this section, we chose them to test our energy-saving strategy for time-sensitive appliances. As shown in Figure 6 , the running time of appliances greatly reduced, and the energy saving benefits were considerable. It is worth noting that the comfort loss risk for customers can be ensured in the optimization, due to the constraints of Equation (9) . For instance, as shown in Figure  6c , the real running hours of the water dispenser (red solid line) reduced sharply after optimization, compared with the original operating hours (blue solid line). However, the value of the utility increased, as shown in Figure 6d . The reason for this is that the operating probability is zero from 0:00 to 8:00 and 18:00 to 24:00, as shown in Figure 5e , which means there was no drinking necessary. As a result, optimizing the operation status in these time slots from heating to insulation will increase the utility value and save more energy, while ensuring customer comfort.
The Optimization Simulation for an Air Conditioner
For a single air conditioner and air conditioner group, we undertook an optimization simulation with half an hour as the optimal period from the known outdoor temperature curve ( ) on a certain summer day, and the result is shown in Figure 7 . The energy-saving data in the above air conditioner's simulation is shown in Table 2 . It can be seen that a single airconditioner needs to operate continuously when the outside temperature is too high, and the energysaving potential is limited. However, for the air conditioning unit, when the total running time is shortened by adjusting the number of opening appliances and setting the proper temperature, the energy-saving effect is significant. 
Optimization for Time-Sensitive Appliances
As mentioned above, lights and water dispensers are two kinds of typical time-sensitive electric appliances. In this section, we chose them to test our energy-saving strategy for time-sensitive appliances. As shown in Figure 6 , the running time of appliances greatly reduced, and the energy saving benefits were considerable. It is worth noting that the comfort loss risk for customers can be ensured in the optimization, due to the constraints of Equation (9) . For instance, as shown in Figure 6c , the real running hours of the water dispenser (red solid line) reduced sharply after optimization, compared with the original operating hours (blue solid line). However, the value of the utility increased, as shown in Figure 6d . The reason for this is that the operating probability is zero from 0:00 to 8:00 and 18:00 to 24:00, as shown in Figure 5e , which means there was no drinking necessary. As a result, optimizing the operation status in these time slots from heating to insulation will increase the utility value and save more energy, while ensuring customer comfort. 
The Optimization Simulation for an Air Conditioner
For a single air conditioner and air conditioner group, we undertook an optimization simulation with half an hour as the optimal period from the known outdoor temperature curve (T out = [26 o C, 35 o C]) on a certain summer day, and the result is shown in Figure 7 . The energy-saving data in the above air conditioner's simulation is shown in Table 2 . It can be seen that a single air-conditioner needs to operate continuously when the outside temperature is too high, and the energy-saving potential is limited. However, for the air conditioning unit, when the total running time is shortened by adjusting the number of opening appliances and setting the proper temperature, the energy-saving effect is significant. 
The Energy Saving Effect Test Based on Field Data
To obtain the actual value of the energy-saving effect, we performed our optimization strategies in a pilot project in Guangdong province. The project is located in Guangzhou, Guangdong province, China, and the electrical appliances are listed in Table 3 . To realize a real-time collection of power consumption data and remote control, smart plugs were installed for the time-type equipment (water dispensers, lighting equipment) in the pilot project, and smart plugs and intelligent infrared controllers were installed for the temperature-type equipment (air conditioners). Additionally, the temperature sensors were set to monitor the indoor and outdoor temperature in real time. Acoustic sensors were installed to monitor lighting requirements in real time.
Then, the above-mentioned energy-saving optimization algorithms were performed, and the power consumption for one week of the station was calculated before and after the implementation of the automatic energy-saving optimization strategy. Based on this, the energy-saving related indicators were computed. The results are shown in Table 4 . As can be seen from Table 4 , the most crucial energy-saving source of the pilot project is air conditioning. The energy-saving effect of air-conditioning is very significant, and can even reach 65.6%, which is much higher than the energy-saving level in the optimization simulation. This is because the optimization strategy is implemented in winter, when the outdoor temperature is within the interval of [20 • C, 28 • C], and before optimization the setting temperature was 22 • C. This is approximate to the outdoor temperature, so the operation of air conditioning is not necessary most of the time, resulting in a large amount of waste. After implementing the optimization strategy, most of the meaningless cooling operation power and invalid standby power was saved. Taking the three air conditioners in the central control room as an example, the operation before and after energy saving is shown in Figure 8 . 
Conclusions
This paper proposes an optimal energy-saving strategy for HEMS, which considers bounded customer rationality. Three crucial contributions are made by this paper, including a general electric appliance utility function, a novel concept called the energy-saving cost incorporating prospect theory, and an energy-saving optimization model. The algorithm is first tested in a simulation system, and a case study is also set up based on real field tests from a pilot project in Guangdong province, China, in which air-conditioners, lighting, and some other popular electric appliances are included. The total energy-saving rate reaches 65.5% after the proposed energy-saving program is deployed. The benchmark test shows our optimal strategy is able to considerably save electric energy for residents, while ensuring customer comfort satisfaction. Limitations of this paper are as follows. First, the uncertainty of the environment is not considered. For example, temperature spikes can occur which may impact the results. Additionally, different electric retail rates are not considered in this paper, such as time of use and real time price. As a result, considering more practical environment conditions should be the focus of future research. 
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